In diagnostic medicine, several measurements have been developed to evaluate the agreements among raters when the data are complete. In practice, raters may not be able to give definitive ratings to some participants because symptoms may not be clear-cut. Simply removing subjects with missing ratings may produce biased estimates and result in loss of efficiency. In this article, we propose a within-cluster resampling (WCR) procedure and a marginal approach to handle non-ignorable missing data in measurement agreement data. Simulation studies show that both WCR and marginal approach provide unbiased estimates and have coverage probabilities close to the nominal level. The proposed methods are applied to a data set from the Physician Reliability Study in diagnosing endometriosis.
INTRODUCTION
Endometriosis is a gynecological disorder in women that occurs when cells from the lining of the uterus grow in other areas of the uterus. The cause of endometriosis is unknown and a gold standard of diagnosing and staging does not exist. In order to better categorize the consistency and reliability in diagnosing endometriosis, we conducted the Physician Reliability Study (PRS) in collaboration with investigators at the University of Utah [1] . In the PRS, 12 physicians in obstetric and gynecology (OB/GYN) separately reviewed participants' clinical information (digital intra-uterus image taken during laparoscopy, surgeon's notes, magnetic resonance imaging, and histopathology reports) and assessed presence and staging of endometriosis. Among these physicians, 4 are international experts, 4 are local experts and the others are residents. Each physician conducted the review in a sequence of four settings, with each successive setting having an additional piece of clinical information. In this article, we focus on the outcome of the absence/presence of endometriosis, and to better reflect real clinical situation, restrict to the 8 physicians (4 local experts and 4 residents) who are practicing at the same medical center (Utah). Only data from the first setting, where the physicians reviewed the digital images only, were used.
An important scientific aim of the PRS is to estimate the agreement parameter among the physicians in terms of diagnosing endometriosis. To this end, one can apply the commonly used Fleiss kappa [2] to estimate the inter-rater agreement. Briefly speaking, Fleiss kappa is a chance-corrected measure of agreement among more than 2 raters and extends Scott's π [3] that measures the agreement between two raters. Both Scott's π and Fleiss kappa make the assumption that each rater (physician) returns a positive rating with a common probability. The Scott's π and Fleiss kappa approach are also equivalent to the common correlation model in Donner and Eliasziw (1992) [4] . However, the PRS data pose a challenge in using the aforementioned approach directly given that some physicians only returned an "Indeterminant" diagnose for some participants. From the perspective of endometriosis diagnosis, these "Indeterminant" ratings are missing data. Among the 148 participants with digital images in setting 1, 88 (59%) participants have 1 or more of their 8 ratings missing. Section 4 provides more detailed information on the missingness.
With missing ratings present, a naive approach is to compute Fleiss kappa based on participants with complete data and remove those with 1 or more missing ratings from analysis. For the PRS, this practice leaves 60 participants who have all 8 ratings. Clearly, this naive approach is not desirable. First, throwing out participants with missing ratings will result in a loss of efficiency since the available sample size is reduced. Second and more importantly, by restricting to those with complete ratings, one implicitly assumes that the missing ratings are ignorable in the senses that the underlying missing mechanism is not related to the observed agreement. However, missing ratings in PRS could be nonignorable. This can happen, for example, if missing ratings occur when the physicians are diagnosing a participant without clear-cut symptoms (hence giving an "Indeterminant" rating). In this situation, these physicians' ratings will resemble the outcomes of tossing a fair coin, resulting in low agreement. On the other hand, if the symptom is clear-cut, we would expect a high agreement on ratings. The PRS data seem to suggest such a relationship between agreement and missing ratings; see Figure 1 and Section 4 for more detailed discussions.
As the raters in PRS are similar in training and practice in the same medical center, and as the missing ratings are more a feature of participants rather than of raters, we make the assumption that the multiple ratings of the same participant are exchangeable. We can then treat the missing data in PRS as an informative cluster size problem [5] [6] [7] . The literature on informative cluster size have long established that the bias will be resulted if cluster size is not modeled appropriately.
In this paper, we propose approaches that handle informative cluster size in agreement analysis. We first introduce a resampling procedure similar to the within-cluster resampling of Hoffman et al. (2001) [6] . In this procedure, we randomly select 2 ratings from each participant and form a 2-rater data. We then compute Scott's π measure for this 2-rater data set. This procedure is then repeated many times to obtain our estimates. Since this resampling procedure is computation intensive, we also introduce a marginal approach similar to Lorenz et al. (2011) [8] . In essence, we inversely reweight functionals in the Scott's π formula and hence account for the informative cluster size in measurement agreement data. See Section 2.3 for details on how the reweightings are implemented. It's expected that these two proposed approaches produce similar results. In Section 2, we introduce notations, present the naive method, and propose the within-cluster resampling and the marginal approaches. We conduct simulation studies to evaluate the operating characteristics of the proposed methods in Section 4. In Section 4, we apply our proposed methods to the PRS data and summarize in Section 5.
METHODS

Notations and setup
Suppose there are N participants rated by J raters who are exchangeable. Let i = 1, . . . , N denote participants and j = 1, . . . , J denote raters. Let Y ij = 0/1 denote the binary rating from the j-th rater for the i-th participant. Although the case of ordinal Y ij can be similarly considered, we focus on the binary rating situation for brevity in presentation. When J = 2, there are several different chance-corrected agreement measures that can be estimated when no missing data are present; for example Scott's π (1955) [3] and Cohen's kappa (1960) [9] . Compared to Cohen's kappa, Scott's π makes the assumption that the probability of a positive rating (i.e., prevalence) is the same for both raters. This assumption also leads to the widely used common correlation model [4] . Since the raters are exchangeable hence have a common prevalence, we focus on Scott's π and its extensions. At population level, let Y 1 and Y 2 be random variables corresponding to the ratings from the two raters and
Further let P m be the common probability of a positive rating, i.e. P m = P (Y l = 1), l = 0, 1. As a chance-corrected measure of agreement, Scott's π is defined as
where p a = P 00 + P 11 is the total agreement and p e = P
2 is the agreement due to chance. Let EX denotes the expectation of the random variable X. It is easy to show that p a = 1−EZ, where Gwet (2008) [10] suggested: 
This variance estimate works in the presence of both high and low agreement.
Within-cluster resampling
When missing data are present, let Y ij = NA when rater j did not give a definitive rating for participant i. In the general case of J > 2, the naive method is to simply ignore all the participants with any Y ij = NA for j = 1, . . . , J and compute Fleiss kappa (and its variance) based on the participants with no missingness. For the reasons mentioned in the Introduction, this approach is not desirable. Based on the assumption that the multiple ratings given to the same participant by the J raters are exchangeable, we treat the missing data problem as one with informative cluster size, and consequently propose the within-cluster resampling (WCR) approach of Hoffman, Sen and Weinberg (2001) [6] to measurement agreement data with missing ratings. In short, WCR constructs a large number of datasets consisting of a single observation (two observations for association measures) from each and every participant (cluster) by random sampling (with replacement). Since the resulted dataset is free of repeated measurement, standard statistical techniques can be applied directly. Moreover, since resampling is done with replacement, observations from participants (clusters) with a smaller number of observations are weighted upward while those from clusters with a larger number of observations weighted downward. Here we propose to use WCR for estimating agreement when ratings are missing non-ignorably. Given that we are dealing with association measures, we only consider those participants with at least two definitive ratings. Table 1 shows a simple illustration of the WCR procedure: in the left panel, we list the raw data that consist of N participants, each rated by 4 raters. An "NA" is used to denote that a missing rating is recorded. To apply withincluster resampling, we randomly select 2 ratings (bolded) from each participant. The resulted new data are collected in the right panel of Table 1 where each of the N participants now has 2 ratings. Since these two ratings may not be from the same two raters for each participant, we term the corresponding raters "pseudo-raters". This blending of raters is one of the reasons that we focused on Scott's π instead of Cohen's kappa and its multi-rater extensions, since the latters are not compatible with such a blending of raters. This "new pseudo" data can then be used to estimate Scott's π, γ π . Repeating this process a large number (say Q) times will produce Qγ π 's, and a summarizing step will then be used to produce the WCR estimator of measurement agreement for the multi-rater data. To be more specific, letγ π (q) be the Scott's π computed from the q-th round of WCR;γ π (q) can be obtained as in Section 2.1. The WCR estimator is then
. Following the argument of Hoffman, Sen and Weinberg (2001) [6] , we have the limiting distribution of the WCR estimator:
andv ar(γ π (q)) is given in (2) . As such, our WCR procedure converts the task of estimating the agreement from a dataset with multiple raters into one that involves repeatedly computing Scott's π from a dataset with 2 raters. By random resampling with replacement, this procedure makes use of all data available while at the same time accounts for non-ignorable missingness by reweighting.
Marginal approach
Although straightforward, the WCR procedure can be computationally intensive. Williamson, Datta and Satten (2003) [7] proposed a marginal approach for clustered data with informative cluster size and showed that the marginal approach is asymptotically equivalent to a within-cluster resampling method. Specifically for estimating an agreement measure for multiple raters, the marginal approach would inversely reweight each of the functionals in the Scott's π formula with the cluster size and thus is equivalent to the within-cluster resampling method. Lorenz, Datta and Harkema (2011) [8] used this marginal approach to estimate correlations. Here, we propose a marginal approach to estimate measurements of agreement.
We consider ratings (Y i1 , . . . , Y iJi ) for subject i where i = 1, . . . , N, and J i ∈ {2, . . . , J}. To introduce our marginal approach for these agreement data, we first define F (y 1 , y 2 ) to be the distribution function of a randomly chosen pair of ratings for a randomly chosen participant. This definition can be specified in the same spirit as in Lorenz, Datta and Harkema (2011) [8] , as (Y i1 , . . . , Y iJi ) can be used to create
Heuristically speaking, the overall average of all the rating data (W 1 ) is used to estimate ω 1 = EY 1 since all the marginal means are the same. To obtain W 2 , we first create a participant-specific average of ( 
that can then be used to estimate ω 2 . As a result, the point estimator by our marginal approach can be expressed aŝ
Note that from (1) γ π = g(ω 1 , ω 2 ). Given that we have independent data between participants, we can apply the central limit theorem and multivariate delta method to obtain a variance estimator ofκ mar . We omit the details of those derivations to save space.
SIMULATION
In this section, we conduct simulation to evaluate the performance of the methods introduced in Section 2 in terms of biases and coverage probabilities. We first generate measurement agreement data for J raters and then introduce various missing data mechanisms. The naive, WCR and marginal approaches are then applied to the data with missing ratings. The idea is to see which of the three approaches produces estimates that are close to the true values and have good coverage probabilities. 
Generate rating data
We consider three levels of agreement in terms of Fleiss kappa: high (κ = 0.8), median (κ = 0.5) and low (κ = 0.2). Given κ, we find a set of values of p and p j where (i) the marginal probabilities for all raters are the same:
In (i), the common p is needed since we are operating under the assumption of a common prevalence; see the discussion in Section 2.2; and by (ii), we assume that Y j1 and Y j2 are conditional independent given Y 1 for j 1 = j 2 ≥ 2. To choose the set of (p, p j ), we make use of the Fleiss Kappa formula as presented in equation (4a) of Warrens (2010) [14] and the following identities: 
. . , J. The probability P (Y j = 1|Y 1 = 0) can be determined as:
Introduce missing data
For completeness, we applied the three approaches to the simulated data before introducing missingness. As shown in Table 2 , all point estimates of agreement are nearly unbiased and all coverage probabilities are close to 0.95. To introduce missingness, let R ij = I(Y ij = NA) be the missing indicator.
For each participant i, we randomly select J − 2 ratings and assign missingness according to these mechanisms:
1. P (R ij = 1) = q 1 for some pre-specified q 1 ; 2. P (R ij = 1|Y ij = 1) = q 2 for some pre-specified q 2 ; 3. P (R ij = 1) = a + bvar(Y i1 , . . . , Y iJ ) for some prespecified a and b.
Scenario 1 corresponds to ignorable missingness since the probability of missing does not depend on the observed or unobserved agreement. In contrast, scenarios 2 and 3 correspond to nonignorable missingness since the probability of missing depends on the prevalence (scenario 2) or the agreement through the variability among the J ratings (scenario 3). In Table 3 , we present the average percentage of participants with missing ratings based on the 1,000 simulated data sets for different values of q 1 , q 2 , and b (a = −4 in scenario 3). More specifically, in the middle columns of the table, we list the average percentage of the participants who have 0, 1, . . . , 6 ratings missing respectively for each scenario; in the rightmost column, we list the average percentage of the missing ratings per simulated data set. Since the missing data mechanism is free of agreement in scenario 1, the percent of participants with missingness is the same for different kappa values. For this reason, we only present the missing percentages when the true κ = 0.2 in scenario 1. In all three scenarios, for any given true agreement level, the degree of missingness, both in terms of the distribution of number of missing ratings per participant and in overall missing ratings, increases as the design parameter (q 1 , q 2 , and b for scenarios 1, 2 and 3 respectively) increases. For example, in scenario 1, when q 1 increases from 0.1 to 0.2, the percentage of participants with no missing rating decreases from 53.0% to 26.2%, while the percentage of participants with one missing rating increases from 35.5% to 39.5%.
Simulation results
For each generated data, we apply the naive, WCR and marginal approach to obtain the estimated agreement measure. In implementing WCR, we choose to use Q = 10,000 iterations. We summarize these estimates with their coverage probabilities in Table 4 with missingness subject to scenarios 1, 2 and 3, respectively. For ignorable missingness (scenario 1), all three methods work well, with no discernable differences in point estimates and coverage probabilities. This is expected as the missingness does not depend on the ratings or the agreement. However, when the missingness is non-ignorable (scenarios 2 and 3) the proposed resampling and marginal methods perform better than the naive method. More specifically, for scenario 2, when the missing probability and the true agreement are both high, the estimates by the naive method are biased and have low coverage probabilities. For example, when q 2 = 0.3 and true Fleiss κ = 0.8, the point estimate by naive method is 0.603 with coverage probability 0.425. For scenario 3, when the true Fleiss κ is 0.5, the naive method works poorly since the estimates are seriously biased and the coverage probabilities extremely low. In contrast, the WCR and marginal method both work well for scenarios 2 and 3: the estimates by both methods are close to the true values and the coverage probabilities close to 0.95. In summary, the proposed resampling method and the marginal method are asymptotically equivalent and robust with respect to different types of missingness. In addition, both perform better than the naive approach when missingness is not ignorable and as good as the naive one when missingness is ignorable.
ANALYSIS OF THE PRS DATA
We conducted the PRS with the aim to understand how physicians agree with each other in diagnosing endometriosis. More detailed descriptions of the PRS are provided elsewhere (Schliep et al. 2012) . [1] In this paper, we sought to examine how the 8 physicians who are practising at the University of Utah medical center agree with each other (inter-rater agreement) when they review the intra-uterus digital images of the participants (setting 1). In the PRS, the physicians were expected to determine whether a participant has endometriosis after reviewing the clinical information. However, they were also allowed to assign an "indeterminant" answer when they felt unsure whether endometriosis is present. For this reason, missing ratings occured in some participants. Among the 148 participants with digital images at setting 1, only 60 have all 8 ratings. The majority of those with missing ratings have either one or two ratings missing (Table 5 ). Only one par-ticipant has seven or more missing ratings. She was removed from the analysis because the minimum number of available ratings has to be 2 for the proposed methods to work.
There is a reason to think that the missing ratings may be related to the agreement so that the missingness is nonignorable. When the symptoms of endometriosis are clearcut, physicians are less likely to give "indeterminant" and more likely to give similar ratings, resulting in a higher agreement for participants with fewer non-missing ratings. The PRS data as plotted in Figure 1 seems to confirm this negative relationship between agreement (as approximated by the variability among the non-missing ratings) and number of available ratings. Among those with 4 or fewer ratings, the average variability (standard deviation of the ratings) is 0.36 while among those with 5 or more ratings, it is 0.22. If missingness is ignorable, then the two groups, fewer/more ratings, should have about the same variability.
The naive approach only uses participants with all 8 ratings available. As a result, we use the 60 qualified participants to estimate the Fleiss kappa in R (function "kappam.fleiss" in package "irr"; Gamer et al. 2012 [12] ). The obtained point estimate is 0.586 with a 95% confidence interval (0.466, 0.705). This indicates a moderate inter-rater agreement in diagnosing endometriosis among the eight physicians (Landis and Koch, 1977 [13] ).
In applying the WCR approach to the PRS study, we use data from 147 participants with at least 2 ratings. Using Q = 10,000, we obtain a point estimate of 0.536, with 95% confidence interval (0.454, 0.617). The marginal approach produces very similar results, as expected, with a point estimate 0.537, with 95% confidence interval (0.455, 0.619). This suggests that the naive approach can inflate the agreement by about 10%. In addition, the 95% confidence interval of the estimate from the naive approach is wider than those from the proposed approaches (0.24 versus 0.17 in width), suggesting that the proposed approaches are more efficient.
DISCUSSIONS
In this article, we proposed new methods to estimate agreement measures for multi-rater data when missing ratings are present. In the WCR procedure, we randomly select 2 ratings from each participant, form a 2-rater data and then compute Scott's π measure for this 2-rater data set. We repeat this step many times to obtain our estimates. The estimate obtained by this procedure is asymptotically equivalent to a marginal approach and has smaller biases and closer to correct coverage probabilities than the naive method which simply ignores all the participants with missing ratings. In the PRS, the estimates of agreement obtained by WCR and the marginal approach are smaller than the estimate obtained by the naive method, suggesting that the estimates from the naive method might be biased. Moreover, the estimates from the proposed methods appear to be more efficient than those from the naive approach. This is due to the fact that the proposed approaches make use of all available data while the naive approach only uses a subset.
Although we only considered binary rating in this manuscript, the extension to categorical ratings are similar and straightforward. To obtain the estimate, we just compute Scott's π for categorical ratings for each resampled 2-rater data set and then conduct a summary step if WCR is to be used, or reweight each of the functionals in the agreement formula for categorical ratings if the original approach is to be used. This will also work when weighted kappas are to be estimated.
We have focused on Scott's π and Fleiss kappa in this manuscript. These agreement measures make the common prevalence assumption, which enables us to propose the WCR and marginal approach. The extension to Cohen's kappa, which assumes heterogeneous prevalence among raters, warrants further research.
In this manuscript, we have made the assumption that the multiple ratings given to the same participant in PRS are exchangeable so that the cluster-weighted estimation approach can be applicable. The exchangeability assumption is reasonable in PRS data because raters in PRS are similar to each other and because missing diagnoses in PRS occur when symptoms of endometriosis are not clear-cut so that missing diagnoses arise as a result of participant-specific rather than rater-specific characteristics. While reasonable for the PRS, the exchangeability assumption may not be appropriate for other situations where raters are inherently different and missing data are more a feature of the raters than the participants. As an example of this rater-specific missingness, consider a case where one rater tends to disagree with the other raters who are generally in agreement, and where the probability of missingness is associated with the disagreement. In this example, one cannot reasonably assume that the ratings are exchangeable and therefore cannot treat the problem as one with informative cluster size. One appropriate approach would be to treat it as a nonignorable missing data problem and to specify models with explicit assumptions on the missing data mechanism.
